Spatio-Temporal LAI Modelling by Integrating Climate and MODIS LAI Data in a Mesoscale Catchment by Sun, Liya & Schulz, Karsten
remote sensing  
Article
Spatio-Temporal LAI Modelling by Integrating
Climate and MODIS LAI Data in a
Mesoscale Catchment
Liya Sun 1,2,* and Karsten Schulz 2
1 Department of Geography, LMU München, 80333 München, Germany
2 Institute for Water Management, Hydrology and Hydraulic Engineering (IWHW),
University of Natural Resources and Life Sciences (BOKU) Vienna, 1190 Vienna, Austria;
karsten.schulz@boku.ac.at
* Correspondence: liya.sun@boku.ac.at; Tel.: +43-1-47654-5501; Fax: +43-1-47654-5549
Academic Editors: Jose Moreno, Randolph H. Wynne, Clement Atzberger and Prasad S. Thenkabail
Received: 27 June 2016; Accepted: 25 January 2017; Published: 10 February 2017
Abstract: Vegetation is often represented by the leaf area index (LAI) in many ecological, hydrological
and meteorological land surface models. However, the spatio-temporal dynamics of the vegetation
are important to represent in these models. While the widely applied methods, such as the Canopy
Structure Dynamic Model (CSDM) and the Double Logistic Model (DLM) are solely based on
cumulative daily mean temperature data as input, a new spatio-temporal LAI prediction model
referred to as the Temperature Precipitation Vegetation Model (TPVM) is developed that also
considers cumulative precipitation data as input into the modelling process. TPVM as well as
CDSM and DLM model performances are compared and evaluated against filtered LAI data
from the Moderate Resolution Imaging Spectroradiometer (MODIS). The calibration/validation
results of a cross-validation performed in the meso-scale Attert catchment in Luxembourg indicated
that the DLM and TPVM generally provided more realistic and accurate LAI data. The TPVM
performed superiorly for the agricultural land cover types compared to the other two models, which
only used the temperature data. The Pearson’s correlation coefficient (CC) between TPVM and
the field measurement is 0.78, compared to 0.73 and 0.69 for the DLM and CSDM, respectively.
The phenological metrics were derived from the TPVM model to investigate the interaction between
the climate variables and the LAI variations. These interactions illustrated the dominant control of
temperature on the LAI dynamics for deciduous forest cover, and a combined influence of temperature
with precipitation for the agricultural land use areas.
Keywords: vegetation dynamic; LAI; MODIS; temperature; precipitation; phenology
1. Introduction
Vegetation dynamics have been studied for a long time to understand their functioning in the
terrestrial ecosystems, including land cover and land use change assessment, land surface process
research, hydrological or climate change modelling and prediction [1–3]. Vegetation dynamics can
reflect many climatic factors, including the temperature, precipitation, length of sun time, humidity
and water use [4–6]. Leaf Area Index (LAI) is a dimensionless canopy indicator, which was defined by
Watson [7] as the total one-sided area of leaf tissue per unit ground surface area. It is a key measure for
evapotranspiration and photosynthesis models by reflecting the radiation absorption and turbulent
transfers between vegetation and the atmosphere [8]. Moreover, the LAI of vegetation serves as an
important state parameter in the eco-hydrological models, such as the Soil-Vegetation-Atmosphere
Transfer (SVAT), Surface Energy Balance (SEB), and Global Climate Models (GCM) [9]. The water
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interception amount and vegetation storage capacity were found to be directly related with the LAI
depending on the vegetation type and the phenological stage [10]. The changing LAI modifies the
surface water and energy budget which in turn affects the biochemical and hydrological cycles [11].
Therefore, accurate estimation of continuous LAI for the various land cover types has pronounced
significance in the land surface modelling.
The seasonal dynamics of LAI respond differently to climate changes depending on the land cover
types. The seasonality can also be referred to the vegetation phenology, which can provide valuable
information about the interaction between climate change, the ecosystem and temporal scales (e.g.,
intra- and interannual) [12–14], which again are closely linked to climate variability and hydrological
processes at different spatial scales [15–17]. The key factors controlling the vegetation phenology are
similar to those influencing vegetation dynamics and include air temperature, soil temperature, and
water availability [18–21].
Traditional in situ observations of phenological events include the national phenological networks,
global student observations [22] and phenological gardens, which can provide detailed and realistic
timing data. However, ground-based observations are time consuming and cost expensive. With the
advances of computer science and the concern for global warming, more efforts have been made in
phenological model development. For the past decades, these efforts range from examining the controls
of environmental factors, biological processes, and intrinsic traits [23,24] on phenology, modelling
techniques [25–27], to ecosystem-level and evolutionary consequences of phenological changes [28,29].
In 1735, Reaumur proposed the most important assumption in the plant phenology modelling [20]:
differences between years and locations in the date of phenological events could be explained by
differences in daily temperatures from an arbitrary date to the date of the phenological event considered.
Schwartz et al. [2] employed a regression model to test the significance and estimate the magnitude
of changes in the relationship between thickness-maximum temperatures relative to first leaf date.
Chuine et al. [30] proposed several phenological models in the ecosystem research such as the Spring
Warming Model, SeqSpar Model, or SparSar Model. The onset models assume that budburst occurs
when a critical state of forcing temperature is reached, the state of forcing being the sum of the daily rate
of forcing, which is solely a function of temperature. Chuine [31] also pointed out that the empirical
and bioclimatic models should be species specific and calibrated at local scales.
Since the 1980s, remote sensing techniques with low-cost and good temporal availability have
been frequently used for the repetitive monitoring of vegetation dynamics and plant phenology
modelling [32–34]. Measured by the remote sensors, the characteristics of vegetation dynamics are
usually represented by vegetative indicators (VIs). The most frequently used indices include the
normalized difference vegetation index (NDVI), enhanced vegetation index (EVI), and the fraction of
absorbed photosynthetically active radiation (FPAR). These VI variables normally serve as proxies for
the estimation of canopy state variables to characterize the status of plant growth [35].
Time series of VIs as derived from satellite images support researchers in studying the
phenological events across different scales [1,36–38]. The contamination of satellite images by cloud
or snow cover as well as the instability of data processing algorithms are main reasons for the
significant discontinuities contained in remotely sensed VI products [39,40] which need to be smoothed
before application in the modelling process. White et al. [1] utilized the Best Index Slope Extraction
(BISE) to smooth the daily Advanced Very High-Resolution Radiometer (AVHRR) NDVI data and
to detect the phenological events with predictive phenology models. They concluded that these
predictive phenology models could potentially be applied in large-scale biogeochemical models and
for monitoring vegetation response to inter-annual climatic variability. Schwartz et al. [2] compared
the start-of-season dates from the AVHRR data using different models and affirmed that the integrated
satellite start-of-season with other regional phenology models offer considerable capabilities at the
continental-scale monitoring of the spring onset. Zhang et al. [41] proposed a series of piecewise logistic
functions to fit the satellite-derived VI data and demonstrated the successful model application with
Moderate Resolution Imaging Spectroradiometer (MODIS) data in vegetation phenology monitoring
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over the United States. Moreover, other well-known functions applied in this context include the
Savitzky–Golay filter, the asymmetric Gaussian, double logistic functions (DL) [42], and the curve-fit
methodology [36].
Previous LAI prediction models using the remote sensing data range from the reflectance model
to the relationship between NDVI and LAI. Fang et al. [43] estimated the LAI data using a radiative
transfer model by applying generic algorithms and got the best R2 as 0.776. Houborg and Boegh [44]
retrieved the LAI data using the reflectance data with inverse and forward canopy reflectance models
and obtained the reliable quantitative estimates of LAI with an overall root mean square deviation
of 0.74. Koetz et al. [34] integrated the canopy structure dynamics and radiative transfer models to
simulate the LAI data using the air temperature and reflectance data with an average R2 of 0.663. As
the integration between climate variables and remote sensing data, temperature as a climate control
for phenology has been studied for a long time [19,45]. However, less emphasis has been given to
study the effect of precipitation when modelling vegetation dynamics. Riha et al. [45] reported that
the air temperature and precipitation are the major driving variables for crop simulation models,
and these models implicitly respond to the changes in both, average temperature and precipitation.
Kramer et al. [19] recommended that the seasonality of climatic drivers affecting the phenological
aspects of trees should be developed and carefully tested within phenological models.
Embedded in the German Research Foundation project CAOS (“Catchments as Organised
Systems”) [46,47], the main objective of this study is to develop a simple spatio-temporal LAI model,
which could provide the spatially distributed and temporally continuous LAI data for the Attert
Catchment. Here, a new model “temperature-precipitation vegetation dynamic model” (TPVM) was
developed. Besides, the double logistic model (DLM) and the canopy structure dynamic model (CSDM)
based on the cumulative temperature, data were also implemented for comparison. Furthermore, the
phenological metrics were derived from the time series of modelled LAI data and were analysed for
the seasonal patterns. The detailed abbreviations and definitions used in the paper are listed in Table 1.
Table 1. List of abbreviation and acronyms used in the paper.
Abbreviation Definition Abbreviation Definition
AVHRR Advanced VeryHigh-Resolution Radiometer LOGS Length of Growing Season
BISE Best Index Slope Extraction LP DAAC Land Processes Distributed ActiveArchive Center
CAOS Catchments as Organised Systems LUT Look-Up Table
CC Person’s Correlation Coefficient MAE Mean Absolute Error
CORINE CoORdination of INformation onthe Environment MAXT Time of Maximum LAI value
CSDM Canopy Structure Dynamic Model mBISE Modified Best Index Slope Extraction
DDS Dynamically Dimensioned Search MODIS Moderate Resolution ImagingSpectroradiometer
DEM Digital Elevation Map NDVI Normalized Difference VegetationIndex
DLM Double Logistic Model QC Quality Criteria
DOY Day of Year RMSE Root Mean Squared Error
EOST End of Season Time SEB Surface Energy Balance
ESDIS Earth Science Data andInformation System SOST Start of Season Time
EVI Enhanced Vegetation Index SVAT Soil-Vegetation-Atmosphere Transfer
FPAR Fraction of absorbedPhotosynthetically Active Radiation TPVM
Temperature Precipitation Vegetation
Model
GCM Global Climate Models VI Vegetative Indicator
LAI Leaf Area Index
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2. Study Area and Data Sources
2.1. Study Area
The Attert catchment as the main test site is located in the midwestern part of the Grand Duchy
of Luxembourg and partially in Belgium (Figure 1). The catchment covers a total area of 288 km2.
As shown in Figure 1, the catchment has very distinct geologies with a large area of marls, schists and
small proportions of sandstones. Correspondingly, most of the dense deciduous and coniferous forests
distribute at the northwest part of the schist area and the southeast sandstone areas. The spacious
pasture and croplands locate at the middle of the marls area and sparse residential areas spread
along the alluvium. With a temperate climate, the mean monthly temperatures reach a maximum
of about 18 ◦C in July and a minimum of 0 ◦C in January. The mean annual precipitation is about
850 mm (1971–2000) [48] characterized by the high summer evapotranspiration from July to September
(Figure 2). According to the CORINE (CoORdination of INformation on the Environment) land cover
map in 2006 (Figure 3), the agricultural area takes up 65% and forest accounts for about 30% of the
catchment. The elevation of the Attert basin ranges from 238 m to 539 m and the digital elevation map
(DEM) is shown in Figure 3.
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Figure 1. The geology and topography map of the Attert Catchment; the right-bottom overview map
indicates the location of the Attert Catchment across Belgium and Luxembourg.
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2.2.1. MODIS LAI Product
In the MOD15A2H product, the LAI of broadleaf canopy is defined as the one-sided green leaf
area per unit ground area in broadleaf canopies and as one-half the total needle surface area per unit
ground area in coniferous canopy. The MOD15A2H version 6 Level 4 LAI product is provided by the
Land Processes Distributed Active Archive Center (LP DAAC) managed by the NASA Earth Science
Data and Information System (ESDIS) project [49]. The 8-day composite dataset together with the
quality criteria (QC) layer are retrieved from the Terra MODIS platform with a 500 m pixel size.
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The processing algorithm of the MOD15A2H LAI product includes a main Look-up-Table (LUT)
and a back-up algorithm. The LUT is generated from the spectral information content of MODIS red
and near-infrared surface reflectance by utilizing the 3D radiative transfer equation [50]. The back-up
algorithm uses empirical relationships between NDVI and canopy LAI, and FPAR. When the LUT
method fails, the back-up method is utilized. Then, according to the data quality, the algorithm chooses
the “best” pixel available from all the acquisitions of the Terra sensor from within the 8-day period [51].
Horn and Schulz [52] analysed and compared the MODIS LAI products with different quality
criteria from both the Terra and Aqua platform. They suggest that QC filtering should not be applied
for the times series of MODIS LAI products and it would be advantageous to make use of all pixels
from the subset [52]. Following these recommendations, all product pixel values were kept to maximize
the number of retrievals. However, due to noise in the data, data filtering had to be performed before
further processing. The modified best index slope extraction (mBISE) method [53] was utilized in this
study for the noise filtering. The mBISE method filters the noise by using a 24-day (3 image) sliding
window and sets the threshold of local gradient of the spurious spikes as 0.1. From the first point
of the time series, the algorithm searches forward accepting the points when their value is greater
than the preceding one but the increase should be less than a pre-defined threshold. If the point
decreases over the 24-day sliding window, the search continues and it will only be accepted if it is
followed by a consistent increase similar to the regrowth. The filtered data were linearly interpolated
to derive continuous LAI datasets, which are considered as spatially and temporally distributed LAI
observation/reference data in the following.
2.2.2. Climate Data
Within our LAI modelling framework, we aim at predicting the daily gridded LAI data with
a 500-m spatial resolution. The input variables of the model system include cumulated daily mean
temperatures and daily sums of precipitation that are required at the same spatial extent as the LAI
data are provided. The temperature and precipitation datasets were obtained from the metrological
stations located in the Attert Catchment. The 2-m air temperature data were interpolated from four
meteorological stations and the precipitation data were interpolated from six meteorological stations.
Due to the few number of the available meteorological stations, simple Thiessen Polygons are used
to interpolate the climate data into the 500-m grid. Table 2 and Figure 2 give the range of yearly
cumulative temperature and precipitation data from 2003 to 2013. The locations of the meteorological
stations are indicated in Figure 3.
Table 2. Minimum and maximum temperature and precipitation data for each year from 2003 to 2013
for Attert Catchment.
Year
Yearly Cumulative Temperature (◦C) Yearly Cumulative Precipitation (mm)
Minimum Maximum Minimum Maximum
2003 3391 3552 670 715
2004 3170 3265 751 899
2005 3318 3683 574 697
2006 3441 3940 713 868
2007 3363 3967 892 1020
2008 3108 3704 878 1025
2009 3270 3801 736 959
2010 2989 3436 669 949
2011 3371 3881 495 777
2012 3174 3573 827 1082
2013 3000 3399 727 941
Remote Sens. 2017, 9, 144 6 of 21
Remote Sens. 2017, 9, 144  5 of 20 
 
Horn and Schulz [52] analysed and compared the MODIS LAI products with different quality 
criteria from both the Terra and Aqua platform. They suggest that QC filtering should not be applied 
for the times series of MODIS LAI products and it would be advantageous to make use of all pixels 
from the subset [52]. Following these recommendations, all product pixel values were kept to 
maximize the number of retrievals. However, due to noise in the data, data filtering had to be 
performed before further processing. The modified best index slope extraction (mBISE) method [53] 
was utilized in this study for the noise filtering. The mBISE method filters the noise by using a  
24-day (3 image) sliding window and sets the threshold of local gradient of the spurious spikes as 
0.1. From the first point of the time series, the algorithm searches forward accepting the points when 
their value is greater than the preceding one but the increase should be less than a pre-defined 
threshold. If the point decreases over the 24-day sliding window, the search continues and it will only 
be accepted if it is followed by a consistent increase similar to the regrowth. The filtered data were 
linearly interpolated to derive continuous LAI datasets, which are considered as spatially and 
temporally distributed LAI observation/reference data in the following.  
2.2.2. Climate Data 
Within our LAI modelling framework, we aim at predicting the daily gridded LAI data with a 
500-m spatial resolution. The input variables of the model system include cumulated daily mean 
temperatures and daily sums of precipitation that are required at the same spatial extent as the LAI 
data are provided. The temperature and precipitation datasets were obtained from the metrological 
stations located in the Attert Catchment. The 2-m air temperature data were interpolated from four 
meteorological stations and the precipitation data were interpolated from six meteorological stations. 
Due to the few number of the available meteorological stations, simple Thiessen Polygons are used 
to interpolate the climate data into the 500-m grid. Table 2 and Figure 2 give the range of yearly 
cumulative temperature and precipitation data from 2003 to 2013. The locations of the meteorological 
stations are indicated in Figure 3. 
Table 2. Minimum and maximum temperature and precipitation data for each year from 2003 to 2013 
for Attert Catchment.  
Year 
Yearly Cumulative Temperature (°C) Yearly Cumulative Precipitation (mm) 
Minimum Maximum Minimum Maximum 
2003 3391 3552 670 715 
2004 3170 3265 751 899 
2005 3318 3683 574 697 
2006 3441 3940 713 868 
2007 3363 3967 892 1020 
2008 3108 3704 878 1025 
2009 3270 3801 736 959 
2010 2989 3436 669 949 
2011 3371 3881 495 777 
2012 3174 3573 827 1082 
2013 3000 3399 727 941 
 
Figure 2. Range of interpolated data for Attert Catchment from 2003 to 2013: (a) yearly cumulative 
temperature; and (b) yearly cumulative precipitation. 
Figure 2. Range of interpolated data for Attert Catchment from 2003 to 2013: (a) yearly cumulative
te perature; and (b) yearly cu ulative precipitation.
2.2.3. Land Cover Maps
The reference land cover map in 2006 was accessed from the CORINE program. CORINE
2006 was created with the joint efforts of about 38 countries in Europe and was published by the
European Environment Agency. In this study, Level-3 of the CORINE map was used, identifying
nine types of land cover in the Attert catchment, including broad-leaved forest, complex cultivation
patterns, coniferous forest, discontinuous urban fabric, land principally occupied by agriculture with
significant areas of natural vegetation (hereafter named as natural vegetation), very small area of
mineral extraction sites, mixed forest, non-irrigated arable land, and pasture. The artificial areas
including the discontinuous urban fabric and mineral extraction sites were ignored. Figure 3 presents
the distribution map of land cover types in the Attert Catchment.
1 
 
 
Figure 3. (a) DEM data with the measured LAI points in Attert Catchment; and (b) CORINE Land
cover map overlaid by the blue boxes of MODIS pixels corresponding to the field measurements.
2.2.4. Field LAI Measurement
The ground truth LAI measurements were conducted for two main land cover types, forest and
agricultural areas. All the field measurements used the LI-COR LAI-2200 Plant Canopy Analyzer
and analysed using the FV-2200 software [54]. The LAI-2200 and software calculate the LAI values
as well as the apparent clumping factor, mean tilt angle, and other LAI statistics directly from light
measurements made with a “fish-eye” optical sensor. Above and below measurements are taken
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to calculate canopy light interception. The measurement can be further processed with the FV-2200
software for row crops. The forest plots were mainly measured with the 90◦ view cap at sunset during
two periods including the summer (foliated in August 2012, May 2014 and September 2014) and the
winter (defoliated in March 2014). Two LAI-2200 devices were used for measuring the above and
below readings of the forest separately. The above readings were automatically measured outside
the forest with clear view, and the below readings were measured inside the forest with the 90◦ view
cap. The measurement plots were 20 m × 20 m in size and one below reading was taken every 4 m
resulting in a total of 36 measurements for each plot from where the mean LAI was calculated. For
the agricultural areas, the measurements were mainly conducted with a 180◦ view cap in cloudy
conditions or with an umbrella under sunny conditions to avoid the direct sunlight. In the row crop
area, one above and four below readings were taken for one row and at least four to six rows were
measured in one plot. The distribution of measurement clusters and the corresponding MOD15A2H
pixels can found in Figure 3. The agricultural lands were measured during 22–26 July 2013 and mainly
consist of corn, wheat, barley, grassland, rapeseeds, triticale, and small areas of oat. Besides, grassland
and corn were measured for three times on 23 July, 11 August and 9 September, 2013 respectively.
In this study, in situ LAI measurements are used for comparison with the LAI model predictions.
Due to the spatial resolution mismatch between the plot measurement and the 500-m grid of the
MODIS data, the measured LAI values were averaged for each corresponding pixel of the MOD15A2H
map. Therefore, 46 plots of forest were aggregated to 22 pixels and 195 plots of agricultural areas were
averaged to 42 pixels. In the following, all the LAI measurements were compared with modelled LAI
data at the same date. Due to the lack of climate observation data in 2014 and the relatively stable state
of deciduous trees during fully leaf-off or leaf-on stages, we took the modelled data in 2013 to compare
with the field LAI measurement in 2014.
3. Methodology
The main processing steps in this work include the above-mentioned data source preprocessing,
model development, model optimization and uncertainty assessment with field measurements.
Figure 4 displays the generalized workflow of this paper.
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3.1. Model Development
The phenological phases of the plants, such as the budburst, leaf development, flowering and
leaf senescence, differ according to vegetation type and the prevailing climate conditions. The general
sigmoid structure of the phenological models suppose that the probability of the emergence of a single
leaf in a day-of- year (DOY) is normally distributed, therefore the total amount of green cover through
time is an accumulation, which is similar to the logistic growth curve [41]. In this sense, the annual
leaf area of deciduous vegetation normally shows an exponential rise when the climate factors are
satisfied and then reaches a maximum during summer time. After the maturity period, the growth
rate is modulated and dominated by the leaf senescence. Then the leaf area declines until all the leaves
finally fall down. In contrast, the LAI of coniferous vegetation changes far less over the year.
A new TPVM model is proposed in this study by integrating the observed daily mean air
temperature and daily sum precipitation data (Equation (1)). In TPVM, we assume that the annual
course of the LAI is not solely controlled by temperature, but rather effected by both temperature and
precipitation. When the temperature and precipitation data cumulate to a certain level, the plant leaves
start to emerge or disappear. In this study, for each year, the daily cumulative value of the temperature
and precipitation were calculated starting from the first DOY (Day 1) to the end DOY (Day 365 or 366).
Two other models, the CSDM and DLM, were also considered for comparison. Instead of using DOY
as input variables as most of the studies [36], the cumulative temperature data were implemented
in the DLM (Equation (2)). In addition, the CSDM model defines the canopy growth and senescence
using the cumulative air temperature data shown as Equation (3). The slight difference of the CSDM
in this study with the original model is that we add an initial background parameter c to be consistent
with the proposed TPVM.
The newly proposed TPVM can be derived by Equation (1):
AI(T, P) = LAIAmp
(
1
1 + eα(
Ti−T
ri )+(1−α)( Pi−Pri )
− 1
1 + eα(
Ts−T
rs )+(1−α)( Ps−Prs )
)
+ c (1)
The DLM model follows the structure in TIMESAT [55] by Equation (2):
LAI(T) = LAIAmp
(
1
1 + e(
Ti−T
ri )
− 1
1 + e(
Ts−T
rs )
)
+ c (2)
The CSDM model can be calculated by Equation (3):
AI(T) = LAIAmp
[
1
1 + e−b(T−Ti)
− e−a(T−Ts)
]
+ c (3)
where T is defined as the accumulated daily mean air temperature above 0 ◦C; P represents the
cumulative daily sum precipitation; b is the relative growth rate at the inflexion point expressed as the
cumulative temperature Ti; a is the relative growth rate at the senescence point Ts; ri and rs are the rate
of change at the flexion points during leaf-on and leaf-off period respectively; LAIAmp indicates the
amplitude of maximal leaf area; and c is the background LAI value at the initial background LAI value.
3.2. Optimization
Dynamically dimensioned search (DDS) as proposed by Bryan A. Tolson [56] was adopted as
the global optimization method in this study. The simple stochastic DDS algorithm is designed for
finding the good global solutions based on heuristic global search algorithm. The only stopping
criterion is the user-specified maximum evaluation limit. DDS searches globally from the beginning
and becomes a more local search when iteration number approaches the defined maximum number of
evaluations. In the DDS algorithm, the calibrating model parameters serve as the decision variables
and the varying dimension is the changing number of the model parameter values. The number
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of dimensions in the neighbourhood is dynamically and probabilistically reduced to a new search
neighbourhood and then the global search is adjusted to the local. The algorithm randomly selects
the dimensions for perturbations and generates the candidate solutions by perturbing the current
solutions within the magnitudes randomly sampled from the standard normal distribution. The scalar
neighbourhood size perturbation parameter (r) in DDS is set to 0.2 in this study as recommended
by the author [56]. The DDS algorithm converges to the region of the global optimum instead of the
precise global optimum.
In this study, we firstly tested the maximum evaluation number of DDS evaluations for the TPVM
model and then chose the parameter set with the minimum objective value from all the evaluation
results as the optimal solution. While the DDS algorithm is a very effective and easy to implement
algorithm, any other local or global optimization algorithm can be applied instead.
3.3. Objective Function and Error Measures
Root mean squared error (RMSE) and mean absolute error (MAE) as given in Equations (4) and (5)
were calculated as evaluation criteria in the model assessment. Followed the generalized weighting
process [42], the objective function in Equation (6) combines the RMSE with a weighted parameter wi
to better fit model results to the upper envelope of the LAI times series of satellite data, thus reducing
the effect of discontinues and sudden drops in LAI values caused by cloud impact or retrieval errors.
The optimization of the objective function with weight factors is a two-step procedure. Firstly, the
weight parameters wi are set equally to 1 for each data point and an optimal model parameterization
is calculated. Secondly, the predicted LAI time series with optimal parameters from the first step is
compared with the remotely observed LAI. If the remotely observed LAI is below the predicted LAI,
the weight parameter value will be adjusted to higher value. In this study, the value is tested starting
with 2, and was finally set as 10. The model is optimized again with the new weights and the optimal
parameter set is returned as the best solution.
RMSE =
2
√
∑ni=1( fi − yi)2
n
(4)
MAE =
1
n
n
∑
i=1
| fi − yi| (5)
Objlai =
2
√√√√∑ni=1( fi−yiwi )2
n
(6)
where n is the size of the dataset; fi and yi are the predicted and the observed LAI at the point i of
the dataset, respectively; wi is the weighted parameter; and Objlai is the objective function for the
DDS optimization.
4. Model Results and Evaluation
The three models were tested in a pixel-wise way for the whole catchment. In the following
sections, the discussion is based on an evaluation and comparison of the temporal and spatial pattern
of modelled LAI and the original MODIS data, as well as the field measurements. Before, we tested
different maximum evaluation numbers for the optimal search of DDS.
4.1. Maximum Evaluation Number Determination of DDS
As introduced in Section 3, we firstly filter the MODIS LAI products with the mBISE method.
Using the cumulative temperature and precipitation data as input, the CSDM, DLM and TPVM models
are calibrated/optimized by applying the DDS method. In order to find an appropriate optimal
“evaluation number” (the only hyper-parameter in the DDS-method), we tested the performance of
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the calibration by varying the evaluation number between values of 10 and 10,000 with increments
of 90. As the DDS procedure involves random processes, each “evaluation number” test was repeated
10 times. Figure 5 displays the RMSE and MAE variations for each “evaluation number”. The orange
points and black error bars represent the mean values and variations, respectively. In Figure 5a,b, we
can see that the RMSE and MAE decrease dramatically with the increase of the maximum evaluation
number and show stable variance ranges starting with a maximum evaluation number around 2000.
Therefore, in this study, we set our evaluation number as 2500 for all the DDS runs.
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4.2. Model Results
4.2.1. Analysis of Temporal LAI Pattern
Based on their dominance in the catchment, we selected four main land cover types for the
following evaluation, including broad-leaved forest, complex cultivation patterns, non-irrigated arable
land and pastures. Figure 6 shows the LAI prediction results of selected pixels for each land cover type
from 2003 to 2013. The LAI time series of each year were calculated based on the optimal parameter set
using the other 10-year’s data for calibration, which is similar to the “Leave-One-Out” cross validation
strategy. The red points indicate the mBISE filtered data while the grey lines represent the original
MOD15A2H data. The cyan, green and red lines illustrate the modelling results of CSDM, DLM and
TPVM, respectively.
As shown in the Figure 6, MODIS data fluctuates frequently with several sudden falls in the
time slices, resulting in confusion for the vegetation dynamics interpretation. It is clear to see that
the mBISE method effectively accepts the LAI points in the time series using the 0.1 spike threshold
within the 24-day sliding window. The sudden decrease of data due to the atmospheric conditions or
bidirectional reflectance distribution function effects [57] were avoided in most of the cases and the
high value data with more significance over the growth season were well kept. This pre-processing step
provided more continuous datasets compared to the original MODIS data and helped significantly in
the following modelling process. The modelled LAI datasets generally produce reasonable trajectories
and effectively omit the anomalous extreme values.
Especially for the broad-leaved forest, accompanied with the increase of cumulative temperature,
the deciduous trees grow up with no leaf-on to the fast emergence of leaves during the green-up
season. The three models retrieve very similar patterns at the start of the green-up season and then
come to slight differences in the maximum amplitude of LAI among the three models during the
maturity period. Besides, the model results also outline the slight inter-annual differences for the
broad-leaved forest, for example in the year of 2003, 2005 and 2012. Compared to other land cover
types, the broad-leaved forest shows relatively stable growth status. The similar predictions also
indicate the dominance role of temperature on the broad-leaved forest.
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Figure 6. (a–d) LAI prediction data of each year from 2003 to 2013 based on the remaining 10-year’s
calibration data for four land covers (broad-leaved forest, complex cultivation patterns, non-irrigated
arable land, and pasture) were from the original MOD15A2H (grey lines), mBISE (red points), CSDM
(cyan lines), DLM (green lines) and TPVM (red lines), respectively.
Dynamic patterns of the agricultural land cover types are more difficult to describe compared
to broad-leaved forest. Complex cultivation patterns and non-irrigated arable land in the Attert
Catchment are generally cultivated with wheat, barley or corn for one or two seasons. Pastures include
the dense, predominantly graminoid grass cover for grazing. Some pasture fodder areas are possibly
mechanically harvested several times during the growing season causing pasture LAI values to be more
fluctuating than the arable lands. The identified points of complex cultivation atterns, non-irrigated
arable land and pasture may contain several spurious spikes, even after mBISE filtering. For the
non-irrigated arable land and the complex cultivation patterns, the prediction results for different
years vary largely (Figure 6). Previous studies [58] also showed that the accuracy of different LAI
interpolation methods highly depends on the underlying land cover types. Considering the selected
pixels in the present study, it seems that the three models retrieved the temporal LAI data with large
discrepancies for the agricultural land cover types, shown with clearly distinct patterns in Figure 6.
Besides, the LAI values of complex cultivation patterns were retrieved with higher variabilities among
the three models. The phenomenon may result from the data limitation of in situ cultivation seasons,
as well as from the mixture of small parcels of diverse annual crops, pasture or permanent crops. When
including the precipitation data in TPVM, the modelled LAI values of non-irrigated arable land and
pasture fitted well to the filtered MODIS data than the results of CSDM and DLM only making use of
the temperature data (Figure 6 the example of non-irrigated arable land and pasture). Specification
of season numbers for complex cultivation patterns or finer classified remotely sensed images with
higher spatial resolution will certainly help to improve the modelling results.
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4.2.2. Analysis of Spatial LAI Pattern
As mentioned in Section 3, the three LAI-models were applied for each pixel for the period 2003 to
2013. Here, the predictions were based on a calibration over the full 11-year period. Figure 7 presents
the spatial distributed LAI data from MODIS (MOD15A2H) as well as the three model predictions
(CSDM, DLM, and TPVM) for the Attert Catchment on 23 July 2013. The MODIS LAI data indicate
large amounts of low values in the agricultural areas and small proportions of the forest area in the
south of Attert Catchment. Based on our field observation, such large amounts of low values in
the forest and agricultural areas from MODIS data were unreasonable. Consistent with the pixel
examples in the above analysis, the three models provided comparable results for broad-leaved forest
but produced large variabilities in the agricultural areas (Figure 7). CSDM retrieved similar overall
LAI patterns compared to the MODIS data, with large parts of lower LAI values in the agricultural
areas. Besides, for a few pixels in the agricultural and forest area TPVM predicted lower values when
compared to the DLM predictions. In general, DLM and TPVM obtained comparable results for the
whole catchment.
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4.3. Uncertainty Assessment
4.3.1. Accuracy of Model Fit Evaluation
In this section, the different model performances when predicting LAI data for each year are
evaluated based on a 10-year calibration and one-year validation cross validation method. Figure 8
provides the RMSE and MAE variations for the dominated four land cover types in the Attert
Catchment. Considering all land cover types, DLM and TPVM provide slightly lower RMSE and
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MAE values compared to the results of CSDM. The average RMSE and MAE of DLM and TPVM
are about 0.1 lower than for the CSDM model. This is more obvious for the complex cultivation
patterns and non-irrigated arable land with overall lower RMSE and MAE than other land cover
types. Moreover, for most of the land cover types, only comparing the derivation of RMSE and
MAE, TPVM incorporating the temperature and precipitation data reconstructed the continuous LAI
values with at least similar or even lower variances compared to the other two models using only the
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Figure 8. The goodness of fit measures bet ee t e IS LAI and the predicted LAI data using the
three models (CSDM, DLM, and TP ) f tc ent: (a) RMSE for the four land cover types;
and (b) MAE for the four land cover types. Consi er types are broad-leaved forest (BLF),
complex cultivation patterns (CCP), co if r t ( F), mixed forest (MF), non-irrigated arable
land (NIA), natural vegetation ( ), pastures (P S).
4.3.2. Comparison with MODIS Data a i l s re ent
As mentioned in Section 2.2.4, the plot LAI measurements (20 m × 20 m) were aggregated to
the pixel size of the MOD15A2H product (500 m × 500 m). The LAI values of all the plots located in
the pixel were averaged as the reference data for each corresponding pixel. Besides, 15 plots of forest
and agricultural area were measured in the same year or different years for three or four time steps.
In total, 42 pixels of the agricultural area and 22 pixels of the forest were available for comparison with
the model results.
For all pixels containing field measurements, the temporal coherence between the modelled data
and the original MODIS as well as the mBISE filtered data is plotted in Figure 9a–f over the 11-year
period. The colour displays the differences in the DOY. In general, because the mBISE data are used as
the optimization target for the three models, the modelled results correlate better to the mBISE data
than to the original MODIS data. Moreover, the modelled results from CSDM and TPVM obtain the
same Person’s correlation coefficient (CC) data, which is lower than the DLM derived CC of 0.66 and
0.79 corresponding to the MODIS and mBISE data, respectively. DLM also derives the best RMSE
and MAE values when compared to CSDM and TPVM. Although the CSDM and TPVM predictions
produce similar error metrics values, the patterns of the two methods differ greatly. Comparing to the
random points in the iddle part (around LAI values of 2) for CSDM, TPVM provides more compact
dataset than DLM.
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Figure 9. (a–f) Plots comparing the original MODIS, mBISE LAI data with the modelled LAI data
for the corresponding field measured pixels from 2003 to 2013. The colour bar indicates the day of
year (DOY).
Figure 10 illustrates the coherence between the field measured LAI data, the original MOD15A2H
LAI product, and the predicted LAI values of the three models. The coloured points represent
the field-measured values that are labelled according to the land cover types on one specific date.
The original MOD15A2H product shows large differences to the measured LAI with a CC of only
0.14, a RMSE of 2.19 and a MAE of 1.69. The correlation between measured data and models however
improved significantly. The CC varies from 0.69 to 0.73 for the CSDM and DLM model. In addition,
TPVM derives the best CC of 0.78 with the lowest RMSE of 0.99 and a MAE of 0.84. Some important
uncertainties related to the field measurements have to be considered in the interpretation of these
results. The heterogeneous features of the mixed crops also including areas of bare soil may increase the
discrepancy between the measured LAI and the remotely sensed LAI or the modelled LAI. Therefore,
when the measurement plots is not fully covering the MODIS pixel, their averaged LAI value may
still have difficulties in representing all the features of the corresponding pixel. In July 2013, the
corn fields were cultivated for about one month, whereas most of the wheat, barley and rapeseeds
maturated readily for harvest. The forage grasslands were cultivated and harvested in turn during
the time of the LAI measurements. Aside from those uncertainties and based on the scatterplots in
Figure 10, the modelled LAI of forest pixels in summer fit very well with the measured LAI. DLM
and TPVM achieved almost identical forest LAI in summer. Nevertheless, for most of the croplands,
TPVM performed superior to the DLM and CSDM models with more compatible results compared to
the measured data. This is easily explained by the fact that temperature predominantly affected the
broad-leaved forest but combined with precipitation exert significantly influence on the agricultural
land covers.
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4.4. Phenological Metrics and Climate Controls Evaluation
With an increasing awareness for the importance of phenology in climate change studies,
plant phenology combined with remotely sensed data have been frequently studied in land surface
modelling. Plant phenology interacts with the climate and varies with the climate zone, vegetation
type and inter-annual variability of the start and end of the growing season [59]. The phenology
metrics derived from the satellite data could serve as an indicator of climate change on the terrestrial
ecosystems [60]. According to the report of Reed [33] and the USGS description of remote sensing
phenology metrics [61], in the present study, the start-of-season time (SOST), the end of season time
(EOST), the time of maximum LAI value (MAXT), and the length of the growing season (LOGS)
were derived for the climate impact evaluation. SOST and EOST indicate the start and end of
measurable photosynthesis in the vegetation canopy, which normally are described as DOY having a
consistent upward or downward trend in LAI time series. We calculated the SOST and EOST as the
half-maximum-mid-point between minimum and maximum LAI. Therefore, based on the SOST and
EOST, LOGS can be calculated as the number of days during the growing season. MAXT represents
the time of maximum photosynthesis in the canopy.
Representative pixels of broad-leaved forest, complex cultivation patterns and non-irrigated
arable land from Attert Catchment were chosen for the phenology analysis. Figure 11 delineates
the phenological metrics in DOY of broad-leaved forest and complex cultivation patterns from 2003
to 2013. Figure 11a,b displays the growing seasons of broad-leaved forest and complex cultivation
patterns in different colours ranked by the yearly total temperature from 2003 to 2013. The green
points on each line represent the time when the leaves reach the maximum value during the maturity
period. The red line of broad-leaved forest in Figure 11a demonstrates that the highest cumulative
temperature of 3978 ◦C in 2007 was accompanied with the early beginning of the growing season at
DOY 73. The differences of LOGS between broad-leaved forest and complex cultivation patterns can
also be clearly seen, with mean DOY between 175 and 186. This phenomenon further proves that the
warming weather can advance the start-of-season in the spring especially for temperate deciduous
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forest. Moreover, the unusual warming weather can also speed up the maturity and shorten the
growing season. For example, in 2003, known as the European heat wave year, LOGS was the shortest
compared to other years. The accelerating effect became more obvious for the complex cultivation
patterns with the LOGS of 122 compared to the 11-year mean LOGS of 135. Figure 11c,d demonstrate
the influences of inter-annual temperature variabilities on the LAI values of broad-leaved forest and
complex cultivation patterns. The green, dark-green and red dash lines respectively were subdivided
as the range of SOST, MAXT and EOST within the 11 years. Uniformly, the forest area exhibited more
stable manners than the agricultural sites.
Regarding the relationship of temperature and precipitation changes on the SOST, MAXT and
EOST, three exemplary pixels from broad-leaved forest and non-irrigated arable land were plotted
in Figure 12. SOST and EOST of broad-leaved forest correlate tightly with the yearly cumulative
temperature data, confirming that the higher temperature result in earlier SOST and EOST data for
broad-leaved forest. Although temperature greatly influences the non-irrigated arable land, complex
cultivation patterns and pastures, there is no such clear relationship shown for the broad-leaved
forest. On the other hand, the precipitation data accelerates the SOST and MAXT of the non-irrigated
arable land shown in Figure 12c,d. The MAXT and SOST data calculated from TPVM verified that the
crop growing would be delayed in case of insufficient precipitation in the non-irrigated agricultural
areas. Conversely, crop growth might be enhanced by an increase of the total precipitation and
available water.
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Figure 11. The growing season plots including the phenological metrics (SOST, MAXT, EOST) were
derived from TPVM for two land covers: (a) broad-leaved forest (BLF); (b) complex cultivation
patterns (CCP); and (c,d) the LAI dynamics in terms of day of year from 2003 to 2013 for BLF and
CCP, respectively.
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plotted: (a) the relationship of SOST from broad-leaved forest (BLF) by TPVM and yearly cumulative 
temperature; (b) the relationship of EOST from BLF by TPVM and yearly cumulative temperature; (c) 
Figure 12. Climate variables relationship with the phenological metrics from 2003 to 2013
were plotted: (a) the relationship of SOST from broad-leaved forest (BLF) by TPVM and yearly
cumulative temperature; (b) the relationship of EOST from BLF by TPVM and yearly cumulative
temperature; (c) the relationship of SOST from non-irrigated arable land (NIA) by TPVM and
yearly cumulative precipitation; and (d) the relationship of MAXT from NIA by TPVM and yearly
cumulative precipitation.
5. Conclusions
By integrating the climate data from meteorological stations and remotely sensed data, a new
spatio-temporal LAI model (TPVM) was proposed in this study. TPVM takes the observed cumulative
daily mean temperature and cumulative daily precipitation data as input variables, and optimizes
the results by a global optimization method (DDS) to the filtered MODIS LAI dataset. Besides TPVM,
CSDM and DLM models with the single input of cumulative temperature data were also implemented
for comparison. TPVM derives comparable continuous LAI predictions for the deciduous forest area
and superior data for the agricultural areas when compared to the models solely depending on the
temperature data. This indicates a dominant control of LAI by temperature only and a sufficient
availability of soil moisture for the forested areas within the catchment. However, agricultural crops
with lower root depth and therefore access to soil moisture resources are also controlled by precipitation
dynamics in their development.
The pre-processing of MODIS data by the mBISE method produced more continuous datasets by
reducing the large amount of noises. Besides that, the weighted scheme also provided great assistance
in the LAI prediction through the optimization procedure. Comparing the three models on a pixel-base,
both, the temporal and spatial pattern evaluations demonstrate that the three models work quite well
for the broad-leaved forest, but have large discrepancies over the agricultural areas. The variances
of RMSE and MAE for the four land covers indicate that most of the TPVM predictions retrieve the
continuous LAI data with lower uncertainties than those of DLM and CSDM. In respect to the different
land cover types, the overall patterns of DLM and TPVM are more realistic and continuous compared
to the CSDM. Compared to the field measurements, all the three models retrieved more realistic LAI
data than the original MODIS data indicated by the raise of the lowest CC of 0.14 to a higher level
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(ranging from 0.69 to 0.78). Nevertheless, TPVM manifested the superiority over the prediction of the
agricultural fields with the overall CC of 0.78.
The phenological metrics including the SOST, EOST, MAXT and LOGS were derived from the
time series of LAI values predicted by TPVM from 2003 to 2013. Consistent with the previous
research [60], the SOST and EOST of broad-leaved forest advance with the warming temperature.
The LOGS of complex cultivation patterns shortens due to the higher temperature and less precipitation,
as illustrated for the European heat wave in 2003. Besides that, the precipitation data exert more
influences on the non-irrigated arable land, indicating with relatively early SOST and MAXT when
more precipitation were available.
In the study, we only applied the models in the meso-scale Attert Catchment, which has
modest climate variabilities over the whole catchment. For future studies, we would recommend the
implementation of the TPVM model in larger and more heterogeneous catchment to test its applicability.
Furthermore, in the larger-scale terrestrial ecosystem, the vegetation dynamic and the climate changes
interact far more complicatedly. Other climate factors such as the photoperiod, soil moisture, soil
temperature or topographic factors could also significantly affect the vegetation dynamics in different
ways. Therefore, the integration with effective climate controls, more meteorological observations, and
finer spatial-resolution remotely sensed data could further mitigate the uncertain predictions in the
vegetation dynamics modelling.
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